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Bridges and Strong Ties
[Granovetter 1973]

Example:

1. Imagine the strong tie between A and B

2. Imagine the strong tie between B and C

3. Then, the forbidden triad implies that a tie exists between C and B
(it forbids that a tie between C and B does not exist)

1. From that follows, that A-B is not a bridge (because there is another path
A-B that goes through C)

C Why is this interesting?
= Strong ties can be a bridge ONLY IF neither
5 3 party to it has any other strong ties
=Highly unlikely in a social network of any size
1 =>Weak ties suffer no such restriction, though
A B . .
. Forbidden tiad they are not automatically bridges
16. 1.—Forbidden tria

=But, all bridges are weak ties

F Markus Strohmaier 2007
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In Reality ....
[Granovetter 1973]

it probably happens only rarely, that a specific tie provides th
path between two points

Alternative

E / !
Local bridges: the shortest path idae of d
between its two points (other than Sridge of degree 3 /7
itself) =S, - 6
. ~ \\
— Bridges are What's the degree ¥ P ¥
efficient paths of g bridge in an T
. ernative
— Alternatives are absolute sense?
more costly

— Local bridges of 2, =7 _
degree n R ‘@

— Alocal bridge is more
significant as its
degree increases @\ 6_"_

Markus Strohmaier Fic. 2.~Local bridges. a, Degree 3; b, Degree 13. =strong tie; ———=
weak tie
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In Reality ...

Strong ties can represent local bridges BUT
They are weak (i.e. they have a low degree)

Why?
c What's the degree of the local bridge
A-B?
2 3
A B
Fic. 1.—Forbidden triad
F Markus Strohmaier 2007
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Implications of Weak Ties
[Granovetter 1973]

— Those weak ties, that are local bridges, create more, and shorter
paths.

— The removal of the average weak tie would do more damage to
transmission probabilities than would that of the average strong one

— Paradox: While weak ties have been denounced as generative of
alienation, strong ties, breeding local cohesion, lead to overall

fragmentation
. ; me . \ate tO
dentify SOT s thisre
\What are sourees - can yo:t\\ons for social How d?ﬁs experiment
of weak ““p(‘;fks on the web I Loro MHore
. ” W s7?
ties/bridges’ net hin these netwo! . . .
searC Completion rates in Milgram's experiment were

reported higher for acquaintance than friend
relationships [Granovetter 1973]

F Markus Strohmaier 2007
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Terminology

http://www.cis.upenn.edu/~Emkearns/teaching/NetworkedLife/
[Diestel 2005]

Network

» A collection of individual or atomic entities

» Referred to as nodes or vertices (the “dots” or “points”)

» Collection of links or edges between vertices (the “lines”)
» Links can represent any pairwise relationship

» Links can be directed or undirected

* Network: entire collection of nodes and links

« Forus, a network is an abstract object (list of pairs) and is
separate from its visual layout

» thatis, we will be interested in properties that are
invariant
— structural properties
— statistical properties of families of networks

F Markus Strohmaier 2007
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Social Networks

Figure 1.3. Real social networks exhibit clustering, the tendency of two
individuals who share a mutual friend to be friends themselves. Here, Ego has

six friends, each of whom is friends with at least one other.

F Markus Strohmaier 2007
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Social Networks Examples _

|\Illlf‘" 24 078 mermbars cobre

flickr

3
JOBTT e oot Musle | Ussrs  Listen  Events Widgets  Download

. popular | recent |8
del.icio.us { url
login | register | help

» del.icio.us history fnrlhﬁp {pwricer. deschardware.comfcia,  check url I I delicio.us j search I

Why and How to Flash Your BIOS common tags  cloud | list
hitp:fharieie devhardware. comicia/Hardware-Guidesihy-and-How-to-Flash-Your-BIOS!

this url has been saved by 108 people atticle articles DIOS  computer computers  diagnostic

save this to your bookmarks » flash geek guide hacking hardware howto [/ 10
lifehacker pc reference software tech technology toread
user notes tutorial tutorials utilities windows
Aug '07

Why and How to Flash Your BIOS posting history

UL » first posted by farbiarz to system:unfiled
This article is going to focus on the basics and explain ways to flash the BIOS, . =
precautions and how to recover in case of 2 bad flash Sep 07 r

dwinek
owine by JillSw3d3 to hardware ]

Why and How to Flash Your BIOS (Page 1 of 4 ) Flashing the BIOS is one of the
most feared topics related to computers. Yes, people should be very cautious
because it can be dangerous. This article is going to focus on the basics and

by gtes to bios boost post speed software flash pe
hardware computer

explain ways a flash by sgill292 to hios flash computer hardware
oblonski by Curiosod4 to boot
Fj by catfish182 to system:unfiled
by anurag_bhd to howto flash bios
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Social Networks Entities
Simplified

Person @
@ @

Song/
<E%£> <E;;>
Del.icio.us

F Markus Strohmaier 2007
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Object-Centred Sociality
[Knorr Cetina 1997]

» Suggests to extend the concept of sociality, which is primarily
understood to exist between individuals, to objects

« Claims that in a knowledge society, object relations substitute for and
become constitutive of social relations

* Promotes an ,expanded conception of sociality that includes (but is not
limited to) material objects

» Objects of sociality are close to our interests

« From a more applied perspective, Zengestrom' argues that successful
social software focuses on similiar objects of sociality (although the
term is used slightly differently).

. . . iality,
* These objects mediate the ties between people. iect of sociall
Lol : e objec ideas
ame objects of ioo‘a\\w BY a\tenngot:e with ﬂ_ewxfgiz
Can \'jot\'\Jnn social software? can \lg; ; software applicatl
in exis for S

1 http://www.zengestrom.com/blog/2005/04/why_some_social.html

F Markus Strohmaier 2007
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Flickr Graph

ety bt orgrrnsivte
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Network Examples [Newman 2003]

II'  Networks in the real world

citation network World=Wede Web

FIG. 4 The two best studied information networks, Left: the
citation network of academic papers in which the vertices are
papers and the directed edges are eitations of one paper by
another. Since papers can only cite those that came before
them (lower down in the figure) the graph is acyelie—it has
no elosed loops. Right: the World Wide Web, a network of
text pages accessible over the Internet, in which the vertices
are pages and the directed edges are hyperlinks. There are

Markus Strohmaier no constraints on the Web that forbid eyeles and hence it is
in general cyelic, B
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Terminology I

http://www.cis.upenn.edu/~Emkearns/teaching/NetworkedLife/

* Network size: total number of vertices (denoted N)
* Maximum number of edges (undirected): N(N-1)/2 ~ N*2/2

» Distance or geodesic path between vertices u and v:
— number of edges on the shortest path fromu tov
— can consider directed or undirected cases
— infinite if there is no path from u to v
» Diameter of a network
— worst-case diameter: largest distance between a pair
— Diameter: longest shortest path between any two pairs
— average-case diameter: average distance
+ If the distance between all pairs is finite, we say the network is
connected; else it has multiple components

» Degree of vertex v: number of edges connected to v
» Density: ratio of edges to vertices

F Markus Strohmaier 2007
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F Markus Strohmaier

Definitions

[Newman 2003]

Verter (pl. vertices): The fundamental unit of a network, also called a site
[physics], a node (computer sclence ), or an actor {sociology ),

Edge: The line connecting two vertices.  Also called a bond (physics), a link
[computer science ), oF a tie (sociology ).

Dhirected fundivected:
as a one-way road botw
Directed edges, which s
indicati

An edge is directed il it runs in only one direction (such
and undirected if it runs in hoth directions.
edl ares, can be thought of as sporting arrows
raph is directed if all of its edges are directed. An
ted by a directed one having two edges between each

their orientation. A
#h can he repre

el vertices, one in each
Degree: The mumber of edges connected to a vertex. Note that the degree is not

necessarily equal to the number of vertices adjacent to a vertex, since there may be

than one edge between any two v In a few recent articles, the degree

! but we avold this usage becaise the

word connectivity E A directed graph

has hoth an in-d i , which are the numbers of
in-com g

Component: The component to which a vertex belongs is that set of vertices

that can be reached from it by paths running along edges of the graph. In a directed

grapl 't s hot omponent and an out-component,

of vertices from which the vertex

an be hed and which can be reached from it.

Geodesic path: A geodesic path is the shortest path through the network from
» another, Note that there may be and often is more than one geodesic
path between two vertices,

Diameter; The diameter of a network is the length (in number of edges) of the
longest geodesic path between any two v ees. A few authors have also used this
term to mean the average geodesic dista in a graph, although strictly the two
quantities are quite distinct.
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In directed networks
— Path or cycles must respect directionality o

Terminology Il
http://www.infosci.cornell.edu/courses/info204/2007sp/
[Diestel 2005]

In undirected networks
* Paths

— Asequence of nodes v, .., v;, V;.4,...,V, With the property that each
consecutive pair v, v,,, is joined by an edge in G
» Cycles (in undirected networks)
— A path with v, = v, (Begin and end node are the same)
— Cyclic vs. Acyclic (not containing any cycle

5. e .. forests) netwaorks

Fig. 1.3.1. Apath P= P in &

Fig. 1.5.1. A tree
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Examples
[Newman 2003]
Undirected, ® Q
single edge and ®___ . O
node type ' ©\L
o
Undirected, @ ®

varying edge and
node weights

FIG. 3 Examples of various types of networks: (a) an undi-
rected network with only a single type of vertex and a single
type of edge; (b) a network with a number of discrete ver-
tex and edge types; (c) a network with varying vertex and
edge weights; (d) a directed network in which each edge has
a direction.

Undirected,
multiple edge
and node types

Directed, each
edge has a
direction

2007
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Terminology IV

» Average Pairwise Distance

largest component.
« Connectivity

v, there is a path from u to v and a path from v to u
* Giant Component

fraction of all nodes

http://www.infosci.cornell.edu/courses/info204/2007sp/

— The average distance between all pairs of nodes in a graph. If the
graph is unconnected, the average distance between all pairs in the

— An undirected graph is connected if for every pair of nodes u and v,
there is a path from u to v (there is not more than one component).

— A directed graph is strongly connected if for every two nodes u and

— A single connected component that accounts for a significant

2007

F Markus Strohmaier
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Average degree k

http://www.infosci.cornell.edu/courses/info204/2007sp/

» Average degree k
— Degree: The number of edges for which a node is an endpoint
— In undirected graphs: number of edges
— Indirected graphs: k;, and K,
— Average degree: average of the degree of all nodes, a measure for
the density of a graph

) 1
d(@) = W Z d(v)

velV

F Markus Strohmaier 2007
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Degree Distributions
[Barabasi and Bonabeau 2003]

* Degree distribution p(k)
— A plot showing the fraction of nodes in the graph of degree k, for
each value of k

Example:
Related concepts i
— Degree histogram g%
— Rank / frequency plot gg
— Cumulative Degree function (CDF) o
_ . . . Number of Links [degree]
Pareto distribution 123456
or: 6,54,3,2,1
F Markus Strohmaier 2007
20
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pik)

Degree Distributions Examples

Figure 4.1. The normal
distribution specifies the
probability, pik), that a
randomly selected node
will have k neighbors.

The average degree

Y

<k> lies al the peak of the

<k> distribution.

A Figure 4.2

pik) A power-law distribution,
Although it decreases
rapidly with k, it does so
much slower than the normal
distribution in figure 4.1,
Implying than large values of

- kare more likely,

2007

F Markus Strohmaier
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Clustering Coefficient

http://www.infosci.cornell.edu/courses/info204/2007sp/

+ Clustering Coefficient C

Triangles or closed triads: Three nodes with edges between all of
them

over all sets of three nodes in the graph that form a connected set
(i.e. one of the three nodes is connected to all the others), what
fraction of these sets in fact form a triangle?

This fraction can range from 0 (when there are no triangles) to 1
(for example, in a graph where there is an edge between each pair
of nodes — such a graph is called a clique, or a complete graph).
Or in other words: The clustering coefficient gives the fraction of
pairs of neighbors of a vertex that are adjacent, averaged over all
vertices of the graph. [p344, Brandes and Erlebach 2005]

Page 88, [Watts 2005]

Related: , Transitivity*

2007

F Markus Strohmaier
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Clustering Coefficient

Images taken from http://en.wikipedia.org/w/index.php?title=Clustering_coefficient&oldid=152650779

» Number of edges between

neighbours of al§iven node } s

divided by the number of possible
edges between neighbours

» Directed Graphs
[{esn ]

Ci=—"—— v, € Nje;, € F.
i ki(ki_lj R iy &gk
. Edges between
» Undirected Graphs neighbourhood
2 {esi}l
Ci=—+9% _.q. v € Np,ei; € E.
i kl(kl—].:] Jr bk iy B3
F Markus Strohmaier 2007
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Graph Theory & Network Theory
» Graph Theory Network Theory
— Mathematics of graphs + Relate to real-world phenomena
— Networks with pure structure — Social networks
with properties that are fixed — Economic networks
over time

— Energy networks

— Focus on syntax rather than . .
semantics y * Networks are doing something
+ Nodes and edges do not — Making new relations
have semantics — Making money
* E.g. A node does not have — Producing power

a social identity

— Concerned with * Are dynamic

characteristics of graphs — Structure: Dynamics of the network
— Proofs — Agency: Dynamics in the network
— Algorithms + Are active, which effects

— Individual behavior
— Behavior of the network as a whole

F Markus Strohmaier 2007
24
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Networks
[Watts 2003]

TABLE 3.2 STATISTICS OF SMALL WORLD NETWORKS
Lacruat Lranoom Cacruat Cranoom
MOVIE ﬁ}ETORS 3.65 2.99 0.79 0.00027
POWER GRID 18.7 12.4 0.080 0.005
B 7(': ELEGANS 2,65 2:25 0.28 0.05

L=Path Length; C=ClustenNng (oeﬂ‘cien/

Compared to
imaginery random
networks

F Markus Strohmaier
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Network Theory

» A Science of Networks

+ Are there general statements we can make about
any class of network?

F Markus Strohmaier
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Random Networks

+ Page 44/ff, Watts 2003, random graphs

Random graph: a network of
nodes connected by links in a
purely random fashion.

Analogy of Stuart Kaufmann:
Throw a boxload of buttons
onto the floor, then choose
pairs of buttons at random
tying them together

Figure 2.1, A random graph imagined as a collection of buttons tied by

sirings. Palrs of nodes (buttons) are connected al random by links or Lies

F Markus Strohmaier 2007
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Scale-Free Networks
[Barabasi and Bonabeau 2003]

» Some nodes have a tremendous number of connections to other
nodes (hubs), whereas most nodes have just a handful

* Robust against accidental failures, but vulnerable to coordinated
attacks

* Popular nodes can have millions of links: The network appears
to have no scale (no |imit) Power Law Distribution of Node Linkages

» Two prerequisites: [watts2003]

— Growth
— Preferential attachment

Number of Nodes
Number of Nodes
(log scale)

* Problem: Number of Links Number of Links (log scale)

— Scale-free networks are only ever truly scale-free when the network is
infinitely large (whereas in practice, the are mostly not)

— This introduces a cut off [page 111, watts 2003]

F Markus Strohmaier 2007
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Scale-free Networks
[Watts 2003]

A

The alpha parameter

* y=C x9(c, a being constants) or
log(y) = log(C) - a log(x)

« a power-law with exponent a is
depicted as a straight line with

Figure 4.3. A power-law
distribution on a log-log

plot. The exponent alpha (a)

log p(k)

is the slope of the line (the
slope -a on a log-log plot line drops by « for each unit
on the horizontal axis).

Examples

«If a number of cities of a given size decreases in inverse proportion to
the size, then we say the distribution has an exponent of [one/two]

That means, we are likely to see cities such as Graz (250.000) roughly
[ten/hundred] times as frequently as cities like Vienna (including the
Greater Vienna Area that is roughly 10 times larger)

F Markus Strohmaier 2007
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Networks [Newman 2003]

. Lol fatl r 1kefis).
113.43 348 R B 0.2 '

network typa n

film actors undirected FEEEIEY 25516482 X 6

comypany directors undirected 460 (LR 088 0276 i, 327
matle hip unlireeted 757 15 (KE) 130 107, 182
physics coauthorship | undirected 245 300 (S L] 0.45 0.56 0.363 | 311,313

?_ biology coauthoeship vl 15201251 11 =03064 4.502 o=s 0.6 0127 311, 3138

7| vete phone call graph undirecred AT OO0 D00 B0 000000 21 B, 0
cmail messages divected 50912 §6 300 195 | L3/20 0.16 136
email address books 16881 57020 5.22 017 0.13 0,092 | 321
student relationships undirected 573 177 16.01 005 0,001 — 0,020

sexual contacts undirected
WIWW nd . edu divected 1497135 1127 011 0.29 —0.06T
WWW Altavista divectad 2 LA NN 1615
citation network divected G716 108
Ttoget's Thesanrus divected 5103 1.87 013 0.15 0.157
waord co-oceurrence undirected A0 902 LT 000 000 27 0.44
Toterme undlineetid 1047 R TTSE A T IRE]
power grid undirecred 491 1 0oEn | -0
teain routes undirected 58T 0.60 —0.033
software packages divectaed 1A% 16/1.4 0070 noEe —LalG
software classes divected 1377 0.033 | 0012 | -0.119
electronic circuits undirected 24097 0.010 | 0030 | —0.151
prer-toepeer network | andineeted Et] Wi | i L
metabolic network undirected T3 0,00 067
protein interactions undirecred 2115 0072 0,071
marine food web directed 135 0.16 0.23
Freshwater food web a2 0. 0087

(__J| weural netwoek directed 07 018 0.23

vorks. The properties measured are: type of graph, directed or undirected; total numbar of vertices n; te

I
aunishioe of odges s : e £ expoment w {or <7 if

exXponents are directed graphs); clustering coefficiens ©'" from Eq T =" from Eq. (6): and degree corvelation coefficient r, Sec, IILF,
Lbe last colump gives the ciiarionisl for the peowerk o the biblicaanby, Lilapk cpre: acailable dars
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Scale-Free Networks

— cut off [page 111, watts 2003]

A

Figure 4.4. A normal-type
distribution on a log-log plot.

= The cutoff occurs where

& : )

@ the curve disappears into the
horizontal axis.

+ -
log k
Markus Strohmaier 2007
31
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Scale-Free Networks

Limited maximum
degree because of
the finite set of
nodes in a network

— cut off [page 111, watts 2003]

A Figure 4.5. In practice,

powet-law distributions always

1
|
| Cutoft display a characteristic cutoff
| uto

|

= region because of the(finite sizeof the
g Scale-free system. The observed degree
region

distribution, therefore, is only

ever a straight line on a log-log

\)

plot, over some range.
log k

F Markus Strohmaier 2007
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[Newman 2003]

Examples of Scale-Free Networks

(a) collaborations
in mathematics
Tl 1

10° grrmm T 10” gy

und v 1l

[ SwwriT
1 10 100 1000

Cumulative Probability

Degree k

FIG. 6 Cumulative degree distributions for six different networks., Th ontal axis for each panel is v
degree for the citation and Web networks, which are directed) and the vertical axis is the cumulative probab
degrees, i.e., the fraction of vertices that have degree greater than or equal to k. The networks s
network of mathematicians [182]; (b) citations between 1981 and 1997 to all papers cataloged
Information [351); (c) a 300 million ex subset of the World Wide Wi
autonomons systems, April 1990 [S6]; (e) the power grid of the western United
proteins in the metabolism of the yeast S. Cerevisiae [212]. Of these networks, thr
power-law degree distributions, as indicated by their approximately straight-line forms o
one (b) has a power-law tail but deviates markedly from law behavior for small degr

the doubly

10° . E| (f) protein !
(d) Internet AN | interactions
S SRS :
1 10 100 1000 1 10

x degree k (or in-

m are: (a) the eollaboration
by the Institute for Scie:
a 1999 [T4]; (d) the Internet at the I
ates [416]: (f) the interaction network of
 them, (c), (d) and (f), appear to have

logarithmic scales, and
Network (e) has an exponential

Markus §
egree distribution (note the log-linear scales used in this panel) and network (a) appears ave a truncated power-law degree
distribution of some type, or possibly two separate power-law regimes with different exponents.

distribution of

ific
of

)
@
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Graph Structure in the Web

[Broder et al 2000]

connected component if links are treated as undirected edges.
IN consists of pages that can reach the SCC, but cannot be reached from it

Most (over 90%) of the approximately 203 million nodes in a May 1999 crawl form a

OUT consists of pages that are accessible from the SCC, but do not link back to it
TENDRILS contain pages that cannot reach the SCC, and cannot be reached from the SCC

Tn-degres (total, remote-only) diztr.

Letla T

ouT le+@3 -

PR
Ao Millicn nedes le+87
le+BE
Leeaag
1888

1888

number of pages

180
1@

1

Co

Le+as |- Remote-only in-degree +
B

T T
Total in-degres o |

L} JCEEEE]
in-degree

o™

~—— Disconaccted compeacats

F Markus Strohmaier 2007
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Interesting Results
[Broder et al 2000]

» the diameter of the central core (SCC) is at least 28, and that the
diameter of the graph as a whole is over 500
« for randomly chosen source and destination pages, the probability
that any path exists from the source to the destination is only 24%

« if a directed path exists, its average length will be about 16
«if an undirected path exists (i.e., links can be followed forwards or
backwards), its average length will be about 6

F Markus Strohmaier 2007
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Scale-Free vs. Random Networks
[Barabasi and Bonabeau 2003]

RANDOM VERSUS SCALE-FREE NETWORKS

M NETWORKS, which ressmble the LS, highway system

2 with a very high number of links. in such networks, the

odt In left mag], canaist of nodes with randomily placed of node linknges follows a pawer law [center graph]

tians. In such systems, a plot of the
linknges will follow a bell-shaped curve

stribution of node 2 just & few connections and some have

fe graph ), with most a treman,

mber of linka. In that 32nae, the system hasna
nedes having approximately the same number of links “scale.” The defining characteristic of such networks s that the
In eontrmat, scale-free natworks, which

embie the U5, distributhen of links, if plotied on » double-logarithmiz scale
airline system | simp#fied in right map), contain hubes [red) [right graph]. results in a straight line.

Random Network Scale-Free Network

-!"‘\. | \ \k .(:a\'i‘
us hlghwaLtwork | |US airline network

Bell Curve Distributlon of Node Linkages Power Law Distribution of Node Linkages
Typical nade
3 g ..
£ 2
: g
= £ 2
MomberofUcks Humber of Links Wumbser of Links [log seale)

F Markus Strohm
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+ Page 120

+ Can always be
represented as
unipartite networks

Bipartite Networks
[Watts 2003]

l' \\ ame Yy
: iy t Group interlock
¥ g i network
o e
A

Groups Bipartite
network
Aotors

v
amp B
we ex ks ON ; &z T h Actor affillation
ne&wo '.‘ J '.‘ ’,' network

Figure 4.6. Affiliation networks are best represented as bipartite networks (cen-
ter) in which actors and groups appear as distinct kinds of modes. Bipartite networks
can always be projected onto one of two single-mode networks representing

affiliations between the actors (bottom) or interlocks between groups {topl.

2007

F Markus Strohmaier
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. P39, [Watts2003]

Hierarchical Networks

Yy

\\ \ ] "’j’
- - it Py
K . ) P
o # &
- ] e
-_— W T
- e
:: - = * =
- Ego =
t -
- p v e o
- Y .
r g A" o
N 4 LY
e, ¥4 "
e, )
ﬂ;; )

/ N
g W

Figure 1.2. A pure branching network. Ego knows only 5 people,
but within two degrees of separation, ego can reach 25;

within three degrees, 105; and so on.

2007
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Likelihood that A meets B

Number of mutual friends
shared by A and B

+ Page 76 -82

* The alpha parameter

Formalizing the Small World Problem

[Watts 20031

Likelihood that A meets B

Figurs 3.2, Between the
two extremes, a who
interaction rules exi
specified by a partic
the tuneable parameter alpha (o).
When « = 0, we have a caveman

world; when o becomes infinite,

we have Solatia,

Figure 3.1. Two extreme kinds

of interaction rules. In the top

Caveman world

curve (caveman world), even a

single mutual friend implies that

In the bottom curve (Solaria

world), all interactions are

Solarla world equally unlikely, regardless of

Number of mutual friends how many friends A and B share.

shared by A and B

A and B are highly likely to meet.

Two seemingly contradictory requirements
for the Small World Phenomenon:

» Network should display a large clustering
coefficient, so that a node's friends will
know each other (as in Caveman world)

« It should be possible to connect two
people chosen at random via chain of only
a few intermediaries (as in Solaria world)
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Path length

cavemen

Formalizing the Small World Problem

[Watts 2003]

+ Page 76 -82
« The alpha parameter

» Path length: computed only over nodes in the same
connected component

solaria

]
I
1
[
|

\

gritical [t

Figure 3.3, Path length as a
function of alpha (). At the
critical alpha value, many small
clusters join to connect the
entire network, whose length

then shrinks rapidly.
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Formalizing the Small World Problem

Reminder - previous informal definition: SMP exists
when every pair of nodes in a graph is connected by a
* Page 76 -82 path with an extremely small number of steps.

Does not take searchability into account. Random
networks are hard to search with local knowledge

» Comparison between
path length and
clustering coefficient

Fragmented

networks

Small World Phenomenon
exists when

Random networks

> Lt
L 2 Lgngom DU :
C >> Crandom Figure 3.4, Compatison between path length (L) and clustering coefficient
{C). The region between the curves, where L is small and C is large (shaded),
represents the presence of small-world networls.
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Examples for Small World Networks
[Watts and Strogatz 1998]

Table 1 Empirical examples of small-world networks

/i actual L random Cac{uai Crandom
Film actors 3.65 2.99 0.79 0.00027
Power grid 18.7 124 0.080 0.005
C. elegans 2.65 2.25 0.28 0.05

Characteristic path length L and clustering coefficient C for three real networks, compared
to random graphs with the same number of vertices (n) and average number of edges per
vertex (k). (Actors:n = 225226,k = 61. Power grid:n = 4941,k = 2.67.C. elegans:n = 282,
k = 14.) The graphs are defined as follows. Two actors are joined by an edge if they have
acted in a film together. We restrict attention to the giant connected component'™ of this
graph, which includes ~90% of all actors listed in the Internet Movie Database (available at
hitp://us.imdb.com), as of April 1997. For the power grid, vertices represent generators,
transformers and substations, and edges represent high-voltage transmission lines
between them. For C. elegans, an edge joins two neurons if they are connected by either
a synapse or a gap junction. We treat all edges as undirected and unweighted, and all
vertices as identical, recognizing that these are crude approximations. All three networks
show the smallworld phenomenon: L =L ..4m DULC = Cniom-
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Any questions?

See you next week!
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